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Abstract: An empirical study of the parking behaviour of Conventional Vehicles (CVs), Battery
Electric Vehicles (BEVs), and Plug-in Hybrid Electric Vehicles (PHEVs) was carried out with the data
collected in a paper-based questionnaire survey in Beijing, China. The study investigated the factors
that might influence the parking behaviour, with a focus on the maximum acceptable time of walking
from parking lot to trip destination, parking fee, the availability of charging posts, the state of charge
of EVs and the range anxiety of BEVs. Several Multinomial Logit (MNL) models were developed to
explore the relationships between individual attributes and parking choices. The results suggest that
(1) the maximum acceptable walking time generally increases with the rise in the amount of saving
for parking fee; (2) the availability of charging posts does not influence the maximum acceptable
walking time when PHEVs and BEVs have sufficient charge, but the percentage of people willing to
walk longer than eight minutes increases from around 35% to 46% when PHEVs are in a low stage of
charge; (3) more than half of BEV drivers want the driving range of their vehicles to be one and a half
times the driving distance before they depart, given the distance is 50 km. Based on the empirical
findings above, a conceptual framework was proposed to explicitly simulate the parking behaviour
of both CVs and EVs using agent-based modelling.

Keywords: parking behaviour; charging behaviour; electric vehicles; Multinomial Logit (MNL)
model; Beijing; agent-based modelling

1. Introduction

Explicit modelling of travel behaviour has received increasing attention over the past few
decades, for example, using activity-based models [1,2], agent-based models [3,4] and dynamic traffic
assignment [5]. As one key part of travel behaviour, parking behaviour received substantial attention
in such explicit modelling [6,7].

1.1. General Parking Behaviour of Conventional Vehicles (CVs)

In order to better understand parking behaviour and further provide empirical findings for the
explicit modelling of parking behaviour, many empirical studies have been conducted. These studies
can be categorized according to different criteria [8]:
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e  Types of Data Used: In general, data on parking behaviour can be collected using either or both
stated preference [9] and/or revealed preference [10] techniques.

e  Trip Purposes: Previous studies have tried to investigate one particular trip purpose, such as
work [11], and two or more purposes [12].

e  Models Used: Discrete choice models have been one of the most-used approaches to exploring
parking-related choice behaviours, including Binary Logit Model [13], Multinomial Logit
Model [14], Mixed Logit Model [15] and Nested Logit Model [11].

e  Number of Study Areas: Previous studies have been focused on one study area [16] and also
carried out comparative studies of multiple study areas [15].

A recent special issue on “Economics of Parking” in the Journal of Transport Economics and Policy
offers some new insights into parking behaviour of CV [17], such as the relationship between parking fee
and retail [18,19], residential parking [20,21] and cruising for parking [10,16,22]. However, these studies
paid little attention to the difference between CVs and Electric Vehicles (EVs) in parking behaviour.

1.2. Parking Behaviour of Electric Vehicles (EVs)

Recently, EVs, including Battery Electric Vehicles (BEVs) and Plug-in Hybrid Electric Vehicle
(PHEVSs), has received considerable attention from academia, government and industry, as EVs are
a core module of a smart and sustainable transport system: on one hand, using EVs instead of CVs
can reduce the direct vehicular emissions from vehicles, and thus can improve the local air quality.
But the net reduction in emissions also depends on how the electricity is generated in terms of energy
sources used (e.g., coal and wind) [23-25]; on the other hand, Vehicle-to-Grid [26], which allows the
commutations between EV drivers and smart grid, can promote the development of a smart city.

Some attempts have been made to explicitly model the EV enroute travel behaviour mainly using
activity-based models, such as MATSim [27] and Feathers [28]. However, these studies have tended to
pay less attention to parking behaviour of EV. One reason may be that there were few empirical findings
that can used for the explicit modelling. The parking behaviour of EVs mainly differs from that of
CVs in additionally considering the destination-based charging behaviour, as EVs can be recharged at
parking lots with charging posts available. Therefore, the availability of charging posts could increase
the attractiveness of the parking lots and may heavily influence the parking behaviour of EVs.

Many empirical studies have been carried out to provide insights into the charging behaviour
of EVs, using various methods, including the mixed logit model [29,30], data mining model [31] and
expected utility theory [32]. Some of them investigated the behaviour of choosing the time when EV
users charge their vehicles [29,33]. For instance, Sun, Yamamoto and Morikawa [29] analysed the
behaviour of choosing the time when BEV users charge their vehicles. Some studies investigated the
behaviour of choosing the locations where they charge [33-35]. Speidel and Brdunl [34] found that
most EV drivers charged at business and home locations in the Western Australian, using the real
data collected from both EVs and charging stations during the period from 2010 to 2012. Morrissey,
Weldon and O’Mahony [35] found that, in most cases, EV users charged at home, and chose parking
lots for public charging. Some of the empirical studies tried to explore how the EV travel behaviour
may vary across user types. Robinson, Blythe, Bell, Hiibner and Hill [33] compared the recharging
behaviours of private users, organisation individuals and organisation pool vehicles, suggesting that
these users differed from each other in both the time when they recharged their EVs and the places
where they recharged. Sun, Yamamoto and Morikawa [30] investigated how private and commercial
users might differ in the maximum acceptable distance of diverting to fast charging stations on their
journeys. Apart from the differences across EV user types, in the time when to charge and the locations
where to charge, the desired state of charge [36] and the response of EV drivers to the dynamic pricing
of charging services [32] have also been studied.
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1.3. Research Gaps

As reviewed above, many empirical studies have been carried out to investigate the general
parking behaviour of CV, which mainly differed from each other in the types of data used, trip purposes,
models used and the number of study areas. These empirical findings have been further used to
explicitly model parking behaviour, for example, using activity-based modelling and agent-based
modelling. With the increasing adoption of EVs, the travel behaviour of EV, which is additionally
involved in charging behaviour, has received rising attention. Several empirical studies have been
carried out to investigate how charging behaviour of EVs may differ across the EV user types, in the
time when they charge, and in the location where they charge.

At the early stage of transportation electrification, most of the charging events take place at
trip destinations (e.g., workplaces and home) through charging posts at parking lots. However, the
correlation between parking and charging behaviours have received little attention. In response, this
paper attempts to investigate the charging behaviour of EVs at trip destinations (or parking lots), with
a focus on the difference between BEVs and PHEVs in the maximum acceptable time of walking from
parking lots to destination, given different states of charge and the availability of charging posts.

Furthermore, the range anxiety has been commonly viewed as one of the main barriers to the
uptake of EVs [37-39]. However, the possible correlation between the range anxiety and parking
behaviour has not been well understood. In response, this paper will also investigate the relationship
between the distance between trip origin and destination and the desirable driving range which the
BEV driver wants to obtain before his departure.

In addition to the above factors associated with the parking behaviour of EVs, the parking fee,
which was commonly viewed as a critical factor to parking and travel demand [40-46], will also be
investigated in this paper, with a focus on how a parking fee may influence the maximum acceptable
time of walking from a parking lot to trip destination.

In summary, this paper will investigate both general and EV-related factors that can potentially
influence parking behaviours of both CVs and EVs, considering the possible correlation between
parking and charging behaviours of EV and the possible relationship between parking fee and
the maximum acceptable time of walking from a parking lot to trip destination. In order to take
heterogeneity into account, several discrete choice models will be developed to explore the correlation
and relationship. The empirical findings are expected to be useful for explicitly modelling parking
behaviours of both CVs and EVa at the individual level, considering socio-demographic characteristics
(e.g., income), infrastructural factors (e.g., the availability of charging posts), psychological factors (e.g.,
range anxiety) and vehicular factors (e.g., states of charge of EV).

2. Methodology

2.1. Questionnaire Design

In order to fill in the research gas identified above, a questionnaire survey was designed to collect
the essential data on parking behaviours of CVs and EVs, with a particular focus on the maximum
acceptable time of walking from a parking lot and trip destination, given different parking fees,
vehicle types, and states of charge, as well as the availability of charging posts at parking lots. Since
BEVs, PHEVs and charging posts might be new to respondents, they were introduced in detail in the
questionnaire (see Appendix A for their introductions).

Specifically, the questionnaire was composed of two parts: Part 1 is about socio-demographic
characteristics (e.g., sex, income and vehicle ownership); Part 2 is about the parking behaviours of
CVs, PHEVs, and BEVs. They are mainly used to collect the information on (1) the trade-off between
walking time and parking fees; (2) the maximum acceptable walking time for both PHEVs and BEVs
(given different states of charge and the availability of charging posts); (3) battery-related concerns
(e.g., BEV driving range); and (4) individual- and household-level attributes. The information will be
used to answer the following three research questions:
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Q1: How do people make a trade-off between parking fee and walking time?

Parking fees have been commonly viewed as an important factor directly and indirectly influencing
the parking behaviour of drivers [40,43,46]. In order to investigate whether and how parking fee may
influence general parking behaviour, the respondents were asked to choose the maximum acceptable
time of walking from a parking lot to trip destination if they could save 5, 10 and 20 RMB in total
within the following scenarios:

Given two parking lots A and B: Parking lot A is very close to your destination and you almost do
not need to walk; while parking lot B is a bit far away and you need to walk for a while. Please choose
your maximum acceptable walking time if you can save a specific parking fee as shown in Table 1.

Table 1. Three Scenarios for Testing the Sensitivity of Parking Fee.

Scenarios Your Choice (Maximum Acceptable Walking Time?)
A.3 min B.5 min C.8 min
5RMB D.10 min E.15 min E. Others:
If you choose parking lot B, you will save ... 10 RMB A.3 min B.5 min C.8 min
D.10 min E.15 min E. Others:
A.3 min B.5 min C.8 min
20 RMB D.10 min E.15 min E. Others:

Q2: How may the availability of charging posts influence the parking behaviour of EVs?

Both PHEVs and BEVs can be recharged when they are connected to the power grid, for example,
through charging posts that are mostly installed at workplaces and home. Therefore, those parking
lots with charging posts available may be more attractive to EV drivers. The respondents were asked
about the maximum acceptable time of waking from parking lot to trip destination given different
vehicle types and states of charge in the following three scenarios:

Imagine that you will first go to Destination 1 (see Figure 1) which has two parking lots available:
Parking Lot A without charging posts and Parking Lot B with charging posts available, and then you
will go to Destination 2 that has Parking Lot C with charging posts available. It should be noted that A
is just next to Destination 1 and you almost do not to need to walk, but B is a little far away. What
is the maximum acceptable time of walking from Parking Lot B to Destination 1 if you can get your
vehicles charged when (1) you are driving a PHEV with sufficient charge; (2) you are driving a PHEV
with insufficient charge, but sufficient petrol; and (3) you are driving a BEV with sufficient charge.

Without
Charging
Posts /
7 etiration 1)

‘\MJ With Charging Posts @

| Destination 2
With Charging Posts \\7/

Figure 1. The scenario for testing the availability of charging posts at parking lots.

Q3: How may the range anxiety influence the charging behaviour at parking lot?

Currently, the limited driving range has been viewed as one of the main barriers to the widespread
adoption of EVs, and the range anxiety is a basic characteristic of EV drivers. In order to somewhat
explore how the range anxiety may influence the charging behaviour at parking lots, the respondents
were further asked what the minimum driving range they thought was enough to drive from Destination
1 to Destination 2 (see Figure 1), given that Destination 1 is about 50 km far away from Destination 2
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where charging posts are available. The information can be further used to estimate the duration of
charging (or parking) at parking lots.

2.2. Survey Design

We used the capital of China, Beijing as a case study. The Beijing government had very positive
attitudes towards EVs, as evident from its efforts in the development of infrastructure development
and several EV-related policies, such as the license plate lottery policy and the end-number license
plate policy. The survey was conducted at shopping malls across all of the 16 administrative regions in
Beijing, targeting driving license holders who are in principle able to drive vehicles [25]. It was hoped
that the respondents could imagine how they might park EVs, given different EV types and states of
charge, as well as the availability of charging posts. The survey was additionally used to collect the
data on refuelling and charging behaviours of CVs and EVs, as detailed in [25], where a more detailed
description of the survey can be found.

2.3. Statistical Analysis of Heterogenous Parking Behaviour: Multinomial Logit (MNL) Model

The discrete choice model is a typical approach to exploring heterogenous individual behaviours
(e.g., travel behaviour) and is thus adopted here to analyse parking behaviour [47]. Specifically, we
will use the Multinomial Logit (MNL) model, which is one typical type of discrete choice model and
has also been widely in the analysis of parking behaviour [9,48,49], as reviewed above. With the
MNL model, we will try to explore the potential linkage between socio-demographic attributes and
maximum acceptable time of walking from a trip destination to parking lot, given different parking
fees, vehicle types and states of charge of EVs.

We identified a set of individual- and household- level attributes (including sex, income, age,
education level, number of driving licenses and number of vehicles owned) for the MNL models to
be developed, based on the previous studies of parking and charging behaviours, which suggested
that socio-demographic attributes were associated with both parking [50,51] and charging [52,53]
behaviours. Some specific empirical findings are as follows: [48] examined the possible influences of
sex, income and age on drivers’ choice of car parks, and found that people with higher incomes tended
not to choose those parks which take a long walking time to research; Bonsall and Palmer observed
different parking behaviours associated with education level and gender [54]. Zhuge, Shao and Li
suggested that both the numbers of driving licenses and vehicles owned were associated with charging
behaviour of EVs [25]. Nurul Habib, et al. indicated that people with more vehicles owned were more
likely to choose fee-charging parking type [55].

Since MNL is a typical model and has been widely used, we will only give a brief introduction.
More technical details can be found in [24,25]. In a typical MNL model, we can have two or more
choices or alternatives. For example, alternatives in this paper can be different maximum acceptable
walking times (e.g., 3 min and 5 min). The total number of alternatives is denoted as J. The probably
(Py;) for an individual n to choose a specific choice or alternative i can be calculated by Equation
(1) [24,25].

ettni
Py = [y 1
Zj:l elni
where u,,; is the utility of alternative 7 for individual n. We can further decompose u,; into an
observable component V,,; and unobservable component (that can be assumed to follow a specific
distribution) [24,25]. The observable component, V,;, can be calculated by Equation (2).

Vm' = Xn',Bi (2)

where X, = (Xj1,Xn2, ..., Xum) is the vector of observable variables. Here, these observable variables
are socio-demographic characteristics, such as age, gender and the number of driving licenses owned.
Bi = (Bi1,Bi2,---, Bim) is a set of coefficients for alternative i. Here, we used Stata [56], which is a
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typical statistical software package, to estimate these parameters with the survey data collected in
Beijing [24,25].

3. Survey Results

3.1. General Results

The survey had 601 samples in total. The distributions of the characteristics of participants and
their households, including age, income, education level, and the number of vehicles owned, are
analysed in Appendix B. Furthermore, we also investigate the correlation between individual income
and education level, and find that the correlation is not very strong.

3.2. The Influence of Parking Fee

Three different scenarios (see Section 2.1) were set up to investigate how parking fees may
influence the maximum acceptable time of waking from parking lot to trip destination, given that the
respondents could save 5, 10 and 20 RMB in parking fees, respectively. Figure 2 shows the distributions
of the walking time for these three scenarios, suggesting that with the increase in the amount of saving,
the maximum acceptable walking time is on the rise. For example, only around 30% of the respondents
were willing to walk longer than 5 min when they can save 5 RMB for parking fee; it increases to
around 46% when they can save 10 RMB and to around 61% when they can save 20 RMB; Furthermore,
the percentage of respondents who are willing to walk longer than 8 min changes slightly (from around
11% to 12%) when the saving is increased from 5 to 10 RMB, but it increases very significantly when
the saving is increased to 20 RMB, accounting for 46%. This indicates that the relationship between the
maximum acceptable walking time and parking fee is nonlinear.

Relationship between Walking Time and Parking Fee

0, el
100% 6.54% 6.15%
90% | ! [ - \ 17.69%
15.38% 18.65%
80% - - ; - v
\
0% 7.88%
6 | | v
21.15% 2808% 15 Min
60% 1 | [ ~—— | ' ' [ 10 Mi
- n
son | I 000 ™ ~_ O [ ‘
15.19% 8 Min
40% - - ; v

10% -

| 35.38% — | # 5 Min
, | NG | | . 15.00%

30% \ ® 3 Min
o | | | -/-

Fee -5RMB Fee -10RMB Fee -20RMB

0% -+

Figure 2. Relationship between the walking time and parking fee.

In order to further explore if the influence of parking fee on the maximum acceptable walking
time relates to any socio-demographic characteristics, three Multinomial Logit (MNL) models were
developed for the saving of 5, 10 and 20 RMB, respectively (see Table 2). According to the z values, the
statistically significant variables for each scenario are identified as follows:

Case 1: Parking Fee -5 RMB. Sex is identified as the only statistically significant variable.
Furthermore, females can bear longer walking time than males given that they can save 5 RMB
for parking fee, according to the model coefficients and Figure A2 (in Appendix C) presenting the
relationship between the influence on walking time and sex.

Case 2: Parking Fee -10 RMB. Compared to saving 5 RMB, saving 10 RMB is additionally
statistically significant to the level of education, apart from sex. Specifically, people with a higher level
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of education could accept a longer walking time and the choice of an 8-min walk is more preferable to
them, which can also be found in Figure A3 (in Appendix C), which shows the relationship between
the influence of saving 10 RMB on walking time and the two significant variables.

Case 3: Parking Fee -20 RMB. Apart from sex, which is a statistically significant variable in both
Cases 1 and 2, the other significant variables include individual income and age. According to the
coefficients and the relationships shown by Figure A4 (in Appendix C), the following conclusions can
be made: (1) Sex: a significant variable for people accepting a 10-min walk as the maximum, which
is more preferable to males; (2) Individual Income: a significant variable for Choice 1(= 3 min), and
people with higher income are more likely to accept a short walking time, as, perhaps, the time values
of these people are generally higher and thus they are less likely to be sensitive to a high parking fee;
(3) Age: another significant factor only for Choice 1, and people with a higher age are less likely to
choose a 3-min walk, presumably as older people tend to have more time available and may want to
save parking fees by choosing parking lots further away.

Table 2. Multinomial logit (MNL) models for the influence of parking fee on walking time.

Parking Fee -5 RMB  Parking Fee -10 RMB  Parking Fee -20 RMB

Walking Time Coef. z value Coef. z value Coef. z value
Choice 1 = 3 Min
Age —-0.317046 -2.07
Education 0.3005372 1.67
Indincome 0.1819307 2.11
Sex —0.92659 —2.44 -0.779752 -1.86 —0.228113 -0.79
LicenseNum —0.397464 —0.53
VehicleNum 0.5519227 1.84
Constant 3.091553 5 1.412477 0.74 —0.309081 -0.32
Choice 2 =5 Min
Age —0.141183 -0.84
Education 0.4422604 2.6
Indincome 0.1487178 1.55
Sex —0.776529 -2.04 -0.691521 -1.76 —0.214762 -0.66
LicenseNum —0.964162 -1.35
VehicleNum 0.0691371 0.2
Constant 2.791432 448 2.270291 1.25 —0.129166 -0.12
Choice 3 = 8 Min
Age —0.06501 -04
Education 0.5880812 3.15
Indincome 0.0517238 0.55
Sex —0.802962 -1.7 —-0.831337 -2 —0.309132 -0.96
LicenseNum —1.065447 -1.39
VehicleNum 0.1808234 0.53
Constant 1.382781 1.85 1.300065 0.66 —0.096586 -0.09
Choice 4 =10 Min
Age —0.196092 -1.35
Education 0.4213494 2.29
Indincome 0.0800174 0.96
Sex —0.921205 2.2 —0.64047 -1.53 —0.596636 -2.1
LicenseNum —0.874026 -1.14
VehicleNum —0.32002 -1.03
Constant 2.213973 3.31 1.498277 0.77 2.349504 2.46

Note: Choice 5 (=15 Min) is the base outcome

Overall, the extent to which the saving of parking fee can influence the maximum acceptable
walking time is closely associated with several individual attributes, including sex, age, individual
income and education level. Among them, sex tends to be more influential, as it is a statistically
significant factor in all three cases with the saving of 5 RMB, 10 RMB and 20 RMB. Sex appears to
influence how drivers trade off parking fee and walking time somehow. For example, given that
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drivers can save 5RMB for parking, a long waking time (or 10-min walking) tends to more acceptable to
females. However, when the amount saved increases from 5 RMB to 20 RMB, it becomes for acceptable
to males.

3.3. A Comparative Study of Parking Behaviours of BEV and PHEV

Another three different scenarios (see Section 2.1) were set up to explore whether and how the
availability of charging posts at parking lots may influence (or increase) the maximum acceptable
walking time, given that the respondents were driving PHEVs with sufficient charge, PHEVs with
insufficient change (but sufficient petrol) and BEVs with sufficient change. Figure 3 shows the
distributions of the maximum acceptable walking time in these three scenarios, indicating that the
availability of charging posts does not influence when EVs (either PHEVs or BEVs) have sufficient
charge, as evident from the almost identical percentages for each choice. However, the percentage of
people willing to walk longer than 8 min increases from around 35% to 46% when PHEVs are in a low
stage of charge, due to the attractiveness of charging posts available at parking lots.

Distribution of the Walking Time with Diffeerent
States of Charge

100%

oo | 852% 10.10% I K

80% T 125958% | 2571% D

70% - 30.26% 15 Min
60% - 10 Min
50% = 8 Min
40% .

30% M5 Min
0% m 3 Min
10% -

0% -

PHEV (Sufficient) BEV (Sufficient) PHEV (Insufficient )

Figure 3. Distribution of the maximum acceptable walking time with different states of charge.

In order to further investigate whether the influence of the availability of charging posts is
associated with any socio-demographic characteristics, another three Multinomial Logit (MNL) models
(see Table 3) were developed for the three different scenarios, namely PHEVs with sufficient charge,
PHEVs with insufficient charge (but sufficient petrol) and BEVs with sufficient charge. According to
the z values, the statistically significant variables in each scenario are identified as follows:

Case 1: PHEVs with sufficient charge. Sex is identified as the only statistically significant factor
influencing the maximum acceptable walking time. Specifically, females are less likely to choose a
10-min walk as their maximums, and males do not have a significant preference for the acceptable
walking time, as also evident from Figure A5 (in Appendix D) representing the relationship between
the walking time and sex.

Case 2: PHEVs with insufficient charge (but sufficient petrol). Age and education level are
identified as statistically significant variables influencing the walking time. Specifically, people with a
higher level of education tend to accept a longer walking time (Choice 5 with a 15-min walk and Choice
4 with a 10-min walk), as also evident from Figure A6 (in Appendix D) representing the relationships
between the walking time and the two significant variables. This may be because well-educated people
have stronger environmental awareness and therefore are more willing to use electricity. According to
the coefficients of age and Figure A6 (in Appendix D), it can be roughly concluded that older people
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are more likely to accept a longer walking time, this may be because they in general have more time
available and lower time values and therefore hope to save money through using electricity.

Case 3: BEVs with sufficient charge. The statistically significant variables are household income
and the number of vehicles owned. Specifically, people with more vehicles tend to choose a relatively
long walking time (10 min or above), as also evident from Figure A7 (in Appendix D); in addition,
people with higher household income tend to prefer shorter walking time. This is likely because these
people may have higher time values and do not want to spend much time on walking, though charging
and using electricity can save money.

In summary, the choices of walking time are associated with completely different
socio-demographic characteristics when the respondents were given different EV types and different
states of charge, and the statistically significant variables are briefly listed as follows for each case:

e PHEVs with sufficient charge—Sex;
e PHEVs with insufficient charge—Age and education level;
e  BEVs with sufficient charge—Household income and the number of vehicles owned.

Table 3. MNL models for the influence of the availability of charging posts on the walking time.

PHEYV (Sufficient) PHEV (Insufficient ) BEV (Sufficient)

Walking Time Coef. z value Coef. z value Coef. z value
Choice 1 =3 Min
Age —0.443081 -2.37
Education —0.374984 -2.17
Sex 0.0660901 0.18
Houlncome 0.3592022 2.06
VehicleNum —0.639558 -1.63
Constant 0.5844975 1.03 3.323677 2.64 0.9812186 1.1
Choice 2 = 5 Min
Age -0.167095 -1.11
Education —0.235379 -1.55
Sex —0.255404 -0.75
Houlncome 0.358516 2.22
VehicleNum —0.887167 -2.49
Constant 1.57716 3.01 2.353227 2.12 2.181667 2.7
Choice 3 = 8 Min
Age -0.31517 -1.98
Education —0.21266 -1.35
Sex -0.132172 -0.37
Houlncome 0.331195 1.95
VehicleNum —0.944234 -2.46
Constant 1.048463 1.91 2.55387 2.22 1.969183 2.28
Choice 4 = 10 Min
Age -0.37386 -2.54
Education —0.096791 -0.65
Sex —0.717245 -2.04
Houlncome 0.342629 2.1
VehicleNum —0.547569 -1.54
Constant 2.103539 3.97 2.50321 2.3 1.327651 1.63

Note: Choice 5 (=15 Min) is the base outcome

3.4. The Influence of Range Anxiety of BEV Drivers

In order to investigate how the limited driving range of BEV relates to the anxiety of drivers, we
set up a scenario about the minimum driving range people want to have before their departures, given
a specific travel distance of 50 km. Figure 4a shows the distribution of the minimum driving range and
Figure 4b shows the distribution of the ratio of the minimum driving range to the travel distance (that
is 50 km in this case), suggesting that the number of people choosing higher range rises gradually and
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then goes down sharply after the turning point with the range of 80 km, which accounts for about 32%.
In addition, more than half of BEV drivers (about 56%) want the driving range of their vehicles to be
one and a half times the driving distance (about 75 km in total) before their departures.

In order to further explore if range anxiety is associated with any socio-demographic characteristics,
an MNL model was developed, as shown by Table 4. According to the z values, the statistically
significant variables are the highest level of education, number of driving licenses, and number of
vehicles owned. Specifically, people with more vehicles owned in their households, or with a higher
level of education, tend to choose a higher driving range; oppositely, people with more driving licenses
owned in their households have a tendency of choosing a lower driving range from 55 km to 70 km (or
a ratio of driving range to travel distance ranging from 1.1 to 1.2). These conclusions are made based
on both the model coefficients and Figure A8 (in Appendix E) that presents the relationships between
the minimum driving range and significant variables.

Table 4. MNL model for the minimum driving ranges of BEVs.

BEV Driving Range Coef. Std. Err. z P>z [95% Conf.Interval]
Choice 1 =55 km

VehicleNum —0.42947  0.442247 —-0.97 0.331 -1.29626  0.437319

Education —-0.74948  0.203826 -3.68 0 -1.14897  —0.34999

LicenseNum 1.64212  0.822484 2 0.046 0.03008  3.254159

Constant 1.67083  2.116229 0.79 0.43 —2.4769  5.818563
Choice 2 = 60 km

VehicleNum —0.30374  0.350236 —-0.87 0.386 —0.99019  0.382709

Education -0.2634  0.189578 -1.39 0.165 -0.63496  0.108172

LicenseNum 1.552505  0.681592 2.28 0.023 0.216609 2.8884

Constant —-0.32831  1.879291 -0.17 0.861 —4.01165  3.355031
Choice 3 = 70 km

VehicleNum —-0.70268  0.340072 -2.07 0.039 -1.36921  -0.03615

Education —0.26739  0.181346 -1.47 0.14 —0.62282  0.088046

LicenseNum 1.373702  0.652634 21 0.035 0.094564  2.652841

Constant 1.26546  1.794359 0.71 0.481 -2.25142  4.78234
Choice 4 = 80 km

VehicleNum —-0.73018  0.324226 -2.25 0.024 -1.36565  —0.09471

Education -0.16696  0.177314 -0.94 0.346 —-0.51449  0.180566

LicenseNum 1.084067  0.617689 1.76 0.079 —-0.12658  2.294715

Constant 1596194  1.728342 0.92 0.356 -1.7913  4.983682
Choice 5 =90 km

VehicleNum 0.211941  0.413675 0.51 0.608 —-0.59885  1.02273

Education —-0.28725  0.224196 -1.28 0.2 —-0.72666  0.152169

LicenseNum 1.122391  0.814865 1.38 0.168 —-0.47471  2.719497

Constant —-1.35403  2.247921 -0.6 0.547 —-5.75987  3.051817

Note: Choice 6 (=100 km) is the base outcome
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BEV Min Driving Range Ratio of Driving Range to Travel Distance
35% 31.55% 35% 31.55%
30% 30%
25% 24.17% 25% 24.17%
20% - 20% 177 f—m——
15% 15% ~— =
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Min Driving Range Ratio of Driving Range to Travel Distance
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Figure 4. Distributions of min driving range and ratio of driving range to travel distance: (a) Min
driving ranges; (b) Ratio of driving range to travel distance.

4. A Conceptual Design for Agent-Based Modelling of Parking Behaviour with the Empirical
Findings

The empirical findings obtained above would be useful for explicit modelling of parking
behaviour, considering heterogenous charging and parking behaviours, which are associated with
socio-demographic characteristics, vehicle types, vehicle states and the availability of infrastructures.
Such an explicit model would help to figure out spatiotemporal distributions of both parking and
charging demands, which can be further used for infrastructure optimization and planning.

Agent-based modelling is a typical approach to modelling individual behaviour [57-60], such as
travel behaviour, and thus is adopted here to show how the empirical findings can be used for explicit
modelling of parking and charging behaviours, taking heterogeneity into account. Specifically, the
modelling here will be focused on the decision-making of drivers on the maximum acceptable time of
walking from trip destination to parking lot (Twaiking), which has received relatively scant attention in
the studies of EV charging and parking behaviours.

We set up a scenario (see Figure 5) to demonstrate how to develop a spatially and temporally
explicit parking model using agent-based modelling and empirical findings [6,61,62]:

_
MNL Models for

Parking Fee Approaching Trip Destination

I

Max Acceptable
Walking Time Listing Candidate Parking Lots

T\Nalkmg l

MNL Models for Comparing Candidate Parking Lots
the Availability of
Charging Posts l Utility Function

Parking (and Charing) Vehicle

1 MNL Model for
Estimating Charing Duration Min Driving
Range Obtained

End
Figure 5. Illustration of parking and charging behaviour modelling.

Step 1. Generating Candidate Parking Lots. When a driver agent approaches its destination,
it will firstly list those candidate parking lots that fall into its maximum acceptable walking time
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(TWalking), which may vary from one to another. As the empirical findings suggested, parking fee is
an important factor that could influence Twaking: with the decrease of parking fee, the maximum
acceptable time of waking from a parking lot to trip destination is likely to increase. Therefore, the three
Multinomial Logit (MNL) models for parking fee (see Table 2) can be used to estimate Twaking for each
agent based on their socio-demographic characteristics (e.g., age and income). For EVs, another three
MNL models (see Table 3) can be used to extra consider the influence of the availability of charging
posts on T'walking-

Step 2: Comparing Candidate Parking Lots. Then, the driver agent will further compare the
candidate parking lots in its list and choose the one with the highest utility considering the utilities of
parking fee (Upgkingree), the time of walking from a parking lot to trip destination (UwakingTime) and
the availability of charging posts at parking lots (Uchargingpost), which are the three influential factors
identified in this empirical study, as represented by Equation (3) [7,61].

uParking = uPurkingFee + uWalkingTime + uChargingPost +e (3)

where, ¢ denotes the random term representing those unobservable factors.

For those EV drivers, range anxiety can also be somewhat considered with the empirical findings
obtained. Specifically, the MNL model for the minimum driving range obtained (see Table 4) can be
used to roughly calculate the ratio of the minimum driving range to the distance between the current
location and the next location where charging facilities are available. Then the ratio can be further
used to estimate the minimum driving range for each EV driver when they recharge at parking lots,
based on whether the charging duration (equal to parking duration) and electricity consumption can
be estimated.

5. Conclusions

A paper-based questionnaire survey was carried out in Beijing, China to collect the data on parking
behaviour of Conventional Vehicles (CVs), Battery Electric Vehicles (BEVs) and Plug-in Hybrid Electric
Vehicles (PHEVs), covering all of the 16 administrative regions, with 601 samples obtained in total.
The data was further used to investigate the key factors potentially influencing parking behaviours of
both CVs and EVs, with a focus on the maximum acceptable time of walking from parking lot to trip
destination, parking fee and range anxiety. In order to relate parking behaviour to socio-demographic
characteristics (e.g., age), several Multinomial Logit (MNL) Models were developed. The key empirical
findings are summarized as follows:

(1) With the increase in the amount saved for parking fee, the maximum acceptable walking
time is on the rise, but the relationship between the walking time and parking fee is nonlinear. In
addition, the estimated MNL models for parking fee indicate that the influence of parking fee is closely
associated with several individual attributes, including sex, age, individual income and education
level. Among them, sex tends to be more influential and appears to influence how drivers make a
trade-off between parking fee and walking time;

(2) The availability of charging posts does not influence the maximum acceptable walking time
when EVs (either PHEVs or BEVs) have sufficient charge. However, the percentage of people willing
to walk longer than 8 min increases from around 35% to 46% when PHEVs are in a low stage of charge,
due to the attractiveness of charging posts at parking lots;

(3) Given that the next destination with charging facilities available would be 50 km far away,
more than half of BEV drivers (about 56%) want the driving range of their vehicles to be one and a half
times the driving distance (about 75 km in total) before their departures.

Based on the empirical findings above, a conceptual framework for agent-based modelling of
parking behaviour was proposed to explicitly simulate how CV and EV drivers choose their parking
lots, considering socio-demographic characteristics, the availability of charging posts, the influence of
parking fee and states of charge of EVs. The agent-based parking model can be further integrated into
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an activity-based travel demand model, so as to estimate the usage of and demand for parking lots at
the disaggregate level, which can be used for planning and optimizing the layouts of parking lots and
charging posts.

The work has been limited in the following aspects: (1) the MNL models for parking behaviours
of CVs and EVs only used one of the most-used variable types, namely socio-demographic attributes.
Incorporating other variables (e.g., trip purpose) would potentially increase the model accuracy.
However, this would increase the survey cost (time and money), and also the resulting models would
become computationally expensive when they are coupled with agent-based models in large-scale
scenarios. In this study, we made a trade-off between survey cost and model accuracy, but the study
can be easily improved if one needs a better understanding of the parking behaviours or a more
explicit model; (2) the conceptual parking model assumes that drivers would want to walk for a
longer time from parking lot to trip destination, when they can save parking fee. This may vary
from one to another and thus was simulated with the MNL models considering socio-demographic
attributes. However, some other factors, such as the condition of the parking lot, would also influence
the maximum acceptable walking time, which has not been taken into account in the model; in addition,
the model can also be improved by considering the availability of parking spaces and possible cruising
for parking, as cruising was found as influential to parking [10,16,22].
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Appendix A. Questionnaire Design

In the questionnaire, BEV, PHEV and Slow Charging Posts were introduced as follows:

e  Plug-in Hybrid Electric Vehicle (PHEV): runs on both electricity and petrol. The vehicle can still
run on petrol when the electricity is used up. The electric driving range is around 50 km and the
petrolic range is the same as that of a conventional vehicle.

e  Battery Electric Vehicle (BEV): only runs on electricity. Its driving range is about 150 to 200 km.

e Charging Post: is one common charging facility and is mostly located at parking lots. Drivers
can connect their electric vehicles to charging posts and get their vehicles charged when they
are parked. It takes around 8 h to fully charge a battery electric vehicle, which means you can
obtain around 25 km driving range with one-hour charging and can save 8 Yuan, compared
with refuelling.

Appendix B. General Results of the Survey

Figure A1l shows the basic characteristics of participants and their households in the survey,
including sex, age, individual monthly income, highest level of education, job type, household income
per year, number of driving licenses in a household, number of children in a household, number of
vehicles owned by a household and number of household members. In addition, we also investigated
the relationship between individual income and education level (see Figure A1) and found that there
seems to be no strong relationship between them. Specifically, with the increase in education level, the
percentage of people with an income above 15 k RMB is on the rise, but the income from 10 to 15 k
RMB decreases first and then increases and levels off. Furthermore, for those participants with high
education level (namely Graduate Degree), many of them (over 40%) have a relatively low income
below 8 k RMB. In addition, the correlation coefficient for these two variables is 0.23, suggesting that
they are positively correlated, but the correlation is not very strong.
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Figure A1. Cont.
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Education Level - Individual Income

W >15K
90%
a0% m10-15K
o 70% m8-10K
oo
g oo m6-8K
S 50%
S m4.5-6K
o
& 30% m3-4.5K
20%
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0%
B C D E F G
Euducation Level
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Figure Al. Characteristics of Participants and their Households. (a) Sex; (b) Age; (c) Individual
Monthly Income (RMB); (d) Highest Level of Education; (e) Job Type; (f) Household Income per Year
(RMB); (g) Number of Driving Licenses in a Household; (h) Number of Children in a Household; (i)
Number of Vehicles Owned by a Household; (j) Number of Household Members; (k) Relationship
between Education Level and Individual Income (Correlation Coefficient = 0.23, note that we used the
group index for the calculation).

Appendix C. Figures for Parking Fee

Appendix C.1. Case 1: Saving 5 RMB for Parking Fee

‘Waking Time(SRMB)-Sex
100%
90%
80%
70% _
60% u 15 Min
50% =10 Min
0% "8 Min
30%
20% m 5 Min
10% B3 Min
0%
Male Female
Sex

Figure A2. Relationship between Walking Time and Sex (Saving 5 RMB).

Appendix C.2. Case 2: Saving 10 RMB for Parking Fee

Waking Time(10RMB)-Sex Waking Time(1 ORMB)-Education Level

100%

90%

80%

70% ) .
e =15 Min =15 Min
50% =10 Min =10 Min
0% 58 Min =8 Min
30%

20% u5Min u5Min
10% 3 Min =3 Min

0% B: Primary-School Level ~ C: Middel-School Level
Male Female D: High-School Level E: Junior-College Level F:Bachelor Degree
Sex G: Graduate Degree
(a) (b)

Figure A3. Relationship between walking time and significant variables (saving 10 RMB): (a)
Relationship between walking time and sex; (b) Relationship between walking time and highest
education level.



Energies 2019, 12, 3073 16 of 21

Appendix C.3. Case 3: Saving 20 RMB for Parking Fee

Waking Time(20RMB)-Sex Waking Time(20RMB)-Age

100%

20% = 15 Min

70% m 10 Min
60%

=15 Min

W10 Min

8 Min =8 Min

0% =5 Min

=5 Min

30% =3 Min

20% =3 Min

Male Female
Sex

15 Min
= 10 Min
= & Min
=5 Min
=3 Min

<3K 345K 456K 68K 810K 10-15K 215K
Individual Meonthly Income

(c)

Figure A4. Relationship between walking time and significant variables (Saving 20 RMB): (a)
Relationship between walking time and sex; (b) Relationship between walking time and age; (c)
Relationship between walking time and individual income.

Appendix D. Figures for Comparative Studies of BEV and PHEV Parking Behaviour

Appendix D.1. Case 1: PHEV with Sufficient Change

Walking Time (Sufficient)-Sex
100%
90%
80%
70% )
60% =15 Min
50% 10 Min
40% =8 Min
30%
0% u5 Min
10% B3 Min
0%
Male Female
Sex

Figure A5. Relationship between walking time and sex for PHEV with sufficient charge.
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Appendix D.2. Case 2: PHEV with Insufficient Change

PHEV Walking Time(Insufficient)-Age Walking Time(Insufficient)-Education Level
100% - 100%
90% | 80%
80% |
70% 15 Mii
=15 Min o o
0% 510 Min
50% =10 Min A0%
il =8 Min 20% "8 Min
30% i
i =5 Min
20% M 5 Min 0% )
10% - =3 Min B c D 4 F G m3Mn
0% - B: Primary-School Level  C: Middel-School Level
D: High-School Level E: Junior-College Level F: Bachelor Degree
G: Graduate Degree

(a) (b)

Figure A6. Relationship between walking time and significant variables for PHEV with insufficient
charge: (a) Relationship between walking time and age; (b) Relationship between walking time and
education level.

Appendix D.3. Case 3: BEV with Sufficient Change

Walking Time(Sufficient)-Vehicle Numuber Walking Time(Sufficient)-Household Income

100%

90% |

80%

70%

0% 15 Min ® 15 Min
50% =10 Min = 10 Min
40% #8 Min = 8 Min
30%

20% RS Min u5Min
10% =3 Min =3 Min

%

0 12 <100K 100-200K200-300K300-500K500-700K700K-1M 1M
Number of Vehicles Owned Household Income
(a) (b)

Figure A7. Relationship between walking time and significant variables for BEV with insufficient
charge: (a) Relationship between walking time and vehicle number; (b) Relationship between walking
time and household income.
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Appendix E. Figures for the Minimum Driving Range of BEV

Driving Range-Vehicle Number Driving Range- License Number
100%
0%
80%
=100 km 70% = 100 km
=90 km 0% ®90 km
50%
80 km 0% 80 km
=70 km 30% 70 km
aom | | 2 .
W55 km 0% m55 km
0 1-2 >3 0 1-2 >3
Number of Vehicles Owned Number of Driving Licenses
(@ (b)

Driving Range- Education Level

100%
80%
60% | ®m100km
o m 90 km
m 80 km
20% H 70 km
=60 ki
5 m
B C D E F G

W55 km

B: Primary-School Level C: Middel-School Level
D: High-School Level E: Junior-College Level F:Bachelor Degree
G: Graduate Degree

(©

Figure A8. Relationship between the minimum driving range of BEV and significant variables: (a)
Relationship between driving range and vehicle number; (b) Relationship between driving range and
license number; (c) Relationship between driving range and vehicle number.
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